Many low molecular weight compounds undergo biotransformation to chemically reactive metabolites (CRMs) that covalently modify cellular proteins. However, the mechanisms by which this covalent binding leads to cytotoxicity are not understood. Prior analyses of lists of target proteins sorted by functional categories or hit frequency have not proven informative. In an attempt to move beyond covalent binding, we hypothesized that xenobiotic posttranslational modification of proteins might disrupt important protein-protein interactions (PPIs) and thereby direct cells from homeostasis into cell death pathways. To test this hypothesis, we analyzed a list of 302 proteins (66% rat, 26% mouse, 5% human) known to be targeted by 41 different cytotoxic CRMs. Human orthologs of rodent proteins were found by blast sequence alignment, and their interacting partners were found using the Human Protein Reference Database. The combined set of target orthologs and partners was sorted into KEGG pathways and Gene Ontology categories. Those most highly ranked based on sorting statistics and toxicological relevance were heavily involved with intracellular signaling pathways, protein folding, unfolded protein response, and regulation of apoptosis. Detailed examination revealed that many of the categories were flagged primarily by partner proteins rather than target proteins and that a majority of these partners interacted with just a small number of proteins in the CRM target set. A similar analysis performed without the partner proteins flagged very few categories as significant. These results support the hypothesis that disruption of important PPIs may be a major mechanism contributing to CRM-induced acute cytotoxicity.
Posttranslational modification (PTM) is a well-known mechanism for regulating the activity of cellular proteins and the metabolic and signaling pathways they comprise (Krishna and Wold, 1998; Reinders and Sickmann, 2007) . In contrast, xenobiotic PTMs stemming from reactive chemicals or chemically reactive metabolites (CRMs) are frequently associated with toxic consequences for the cell (Evans et al., 2004; Liebler, 2006; Liebler and Guengerich, 2005; Park et al., 2005) . The enzymes that convert relatively innocuous chemicals into CRMs, and the covalent modification of cellular proteins by the latter, have been studied intensively for more than 40 years Park et al., 2011; Snyder, 2011) . Early interest focused primarily on the small molecule precursors, the enzymes that bioactivated them, and the structures and reactivity of the CRMs formed. Later, improvements in protein separation technology facilitated the isolation and identification of individual CRM target proteins. Initially, the quest to identify target protein identification was driven by the hope that knowing these targets would provide mechanistic understanding of CRM cytotoxicity. Ironically, many of the early identified targets were enzymes (e.g., aldehyde dehydrogenase, cytochromes P450 2B1, 2C11, and 2E1, liver carboxylesterase, dipeptidyl peptidase IV, alpha-ketoglutarate dehydrogenase, and others), but none appeared to be critical for cell survival in the context of acute cytotoxicity .
As increasing numbers of target proteins became known, it was necessary to take a broader view and not look just for a few potentially "critical" targets. For example, grouping targets according to their function, as shown in Table 1 for 62 targets of thiobenzamide metabolites (Ikehata et al., 2008) , showed that some categories were more highly populated than others, but the categories were too broad to reveal mechanisms or even suggest plausible mechanistic hypotheses. Another approach to identifying potentially important target proteins is to rank them according to how frequently they are reported as targets of various CRMs. Such a compilation is listed in Table 2 . This listing again contains some enzymes but also a number of structural proteins (e.g., albumin, hemoglobin, actin, tropomyosin, and tubulin) that would not immediately appear to be important for direct acute cytotoxicity. Finally, bioinformatic approaches such as Ingenuity Pathway Analysis (Druckova et al., 2007) and similar ad hoc approaches based on sorting target proteins according to KEGG pathways or the Gene Ontology (GO) classification schemes toxicological sciences 135(2), 390-401 2013 doi:10.1093/toxsci/kft166 Advance Access publication July 27, 2013 have also been tried, but these approaches too have not been particularly helpful in illuminating mechanisms of toxicity or deciding which target proteins may be more important than others. Thus, the hope of understanding mechanisms of cytotoxicity by analyzing target proteins remains unfulfilled.
In this article, we report the application of a new approach to winnowing the large number of known target proteins in the Reactive Metabolite Target Protein Database (TPDB, 2013) to find those whose covalent modification by CRMs is most strongly related to cytotoxic outcomes. It is based on the hypothesis ) that the detrimental consequences of protein modification by CRMs may stem not from the partial loss of enzymatic activities, but rather from the disruption or inadvertent mimicry of important protein-protein interactions (PPIs). This new approach, therefore, involves consideration of not just target proteins but also of their immediate partner proteins. Using this approach leads to a "ranking of target proteins" significantly different from that produced by considering target proteins alone (Table 2) . We suggest that ranking target proteins this way may provide a better perspective on their relevance to toxicity and a better guide for formulating testable mechanistic hypotheses about their potential role in CRM cytotoxicity.
MATERIAls AnD METHODs
The basic method of our analysis is outlined schematically in Figure 1 . As in several previous analyses, the KEGG (www.genome.jp/kegg/) and GO (www. geneontology.org/) classification schemes were used to sort proteins objectively and obtain a statistical sense of the extent to which any particular pathway or category is significantly enriched in proteins from the list being sorted. A key difference in this analysis is that proteins reported to interact directly (i.e., physically) with any of the CRM target proteins are also included in the overall sorting operation. The partner proteins were included for two reasons. First, earlier analyses based solely on target proteins were not very fruitful. Second, the partner proteins are needed to represent fully the PPIs in which the target proteins participate.
For this analysis, a list of 302 proteins known to be adducted by one or more of 41 different CRMs was taken from the Reactive Metabolite Target Protein Database (TPDB, 2013) . Sixty-six percent of all proteins in the TPDB were from rat, 26% were from mouse, and 5% were from human. By tissue, the distribution of target proteins was 57% liver, 16% lung, 13% kidney, 8% nervous, and 3% blood cells. Although 27 of these proteins were targeted by ≥ 4 different CRMs (Table 2) , a great many were reported as targets of only one or two CRMs (TPDB "rank by hits" function). Considering only those proteins targeted by two or more CRMs reduced the total number of targets to 70. From these, we eliminated hemoglobin and one EST of unknown function giving a total of 68 target proteins of interest, mostly from rat or mouse or in some cases both. To eliminate interspecies redundancy and enable searching for partner proteins, human orthologs of the rat and mouse proteins were found by searching target proteins against human proteins using BLAST sequence alignment ). This gave a list of 52 nonredundant human orthologs (Table 3) whose interacting partners were identified using the Human Protein Reference Database (www.hprd.org). Of the 52 human protein orthologs, 16 had no reported partner proteins, whereas 36 others had a total of 327 known partners. A spreadsheet was made listing all the partners for each target (Supplementary table S1), and a copy was then re-sorted (inverted) to list the target protein(s) that invoked each individual partner protein (Supplementary  table S2 ). The ability to look up which target invoked a particular partner protein, and conversely, becomes important later in the analysis. Number of cytosolic (cyt) and microsomal (mic) target proteins found in each functional class. The data are compiled from a listing by Ikehata et al. (2008) . Once all the known partner proteins were found, the 52 targets and 327 partners were combined into a single set of 379 proteins. This set was then sorted into "bins" in the form of GO categories and KEGG pathways using The Database for Annotation, Visualization and Integrated Discovery (DAVID) (Huang et al., 2009) . To identify bins of potential interest in relation to mechanisms of cytotoxicity, we initially used low stringency sorting criteria, namely, that there be at least two target and/or partner proteins in the bin and that p < 0.1. Because of the hierarchical nature of the classification schemes, the total number of bins found was much greater than the total number of proteins (see Results section and Supplementary tables S3, S4, and S5). To reduce the total number of pathways and categories populated, we examined the statistics of their filling including count, p value, and fold enrichment. Count gives the number of proteins that sorted into any given bin. A high count might indicate greater biological relevance of that bin (and the proteins in it) to CRM-induced cytotoxicity. A very low p value indicates the improbability of the proteins in a bin arriving there by chance. Finally, the fold enrichment value for a particular bin is the ratio of the fraction of the sorted set appearing in that bin versus the fraction of all classified proteins that sorts into that bin. A high fold enrichment could suggest a higher relevance of that bin and its proteins to CRM-induced cytotoxicity. To simplify the consideration of these statistical parameters, we created a composite index (CI), defined as CI = (fold enrichment) × (−log p), and used it to rank the various KEGG pathways and GO categories. The full rank ordered but unedited lists of all categories (bins) from the KEGG and GO sorting operations can be found in Supplementary tables S3, S4, and S5.
The ranking process ordered the categories but did not reduce their number, which remained much larger than the number of proteins entered to start with (see Results section). Furthermore, the quantitative indices of category rank formed a more or less continual distribution with no pronounced gaps or breaks. Therefore, to reduce the redundancy and shift the focus toward the more important proteins, the final selection of categories for further detailed analysis was based on their likely relevance to cytotoxicity. This step was not undertaken lightly because it runs the risk of introducing bias. Nevertheless, we found impossible to proceed further based purely on mathematical or statistical considerations. We therefore excluded pathways and categories that seemed unlikely to be related to or contribute to acute cytotoxicity. For example, we eliminated pathways and categories devoted to metabolism of plant natural products, bacterial virulence factors, central nervous system disorders, Alzheimer's disease, and cancer, as these were judged to be of little or no direct relevance for acute CRM-induced cytotoxicity in mammalian cells. We also excluded pathways related to blood clotting because CRMinduced cytotoxicity is well known to occur under cell culture conditions in the absence of blood and clotting factors. Finally, we eliminated categories related to metabolism of DNA, RNA, and complex structural lipids, as these processes generally occur on time scales much slower than acute cytotoxic responses to CRMs. In this way, we were able to come up with a more reasonable subset of flagged bins and proceed with their analysis toward the objective of determining which target proteins were most strongly connected to cytotoxic outcomes.
In addition to the statistical parameters associated with each bin, the sorting program DAVID also furnished a list of the gene names of all the target and partner proteins that had sorted into each bin. Using the spreadsheet lists of targets versus partners and partners versus targets mentioned above (Supplementary tables S1 and S2), it was easy to subdivide the proteins in each bin into a target subset and a partner subset, and for each partner protein to find the target protein(s) that originally invoked it. This last step was vital as some bins were found to contain few or even no known target proteins (see Tables 4 and 5 and Supplementary table S3 for examples). Although most target proteins have several or more partner proteins, only a few pairs of target proteins interact directly with each other. These observations emphasize the value and importance of including partner proteins in the analysis. It may also explain why earlier analyses using only target proteins gave no strong clues as to mechanisms or pathways of cytotoxicity and why they failed to distinguish potentially important targets from other targets. Finally, by analyzing a large number of KEGG and GO bins selected for high fold enrichment, low p value, and likely relevance to cytotoxicity, it became clear that a relatively small number of target proteins were consistently responsible for invoking a majority of the partner proteins that sorted into bins relevant for cytotoxicity.
FIG. 1.
Strategy for identification of important target proteins among others. The strategy is based on the idea that covalent modification of proteins by electrophilic metabolites (step 1) mimics or interferes with PPIs. After identification of a large number of target proteins, their interacting partners are found through PPI databases such as the HPRD (step 2). Target proteins and their partners are then combined, and the overall set is sorted into bins corresponding to KEGG pathways or GO categories (step 3). This yields a large number of bins that are evaluated for statistical significance and likely relevance to cytotoxicity. Some bins contain many partners and few or no targets. For each bin deemed significant and relevant, the proteins that sorted into it are then parsed (step 4) into a target protein set or a partner protein set.
Step 5 is a key step. In this step, the residual partner proteins are then analyzed to determine which target proteins invoked them in the first place. For each bin, the underlying targets are combined with the targets found in step 4. The result is many sets of target proteins containing much redundancy among them. This redundancy gives insight into the ability of a given target protein to influence, through PPIs, multiple pathways of importance to the cell. Compressing the redundancy in the lists into numbers of occurrences for each protein (step 7) gives a list of target proteins, rank ordered by likely importance to toxicity, as judged by the number of PPIs that may be affected by their covalent modification. In this way, a list of 302 proteins in the TPDB was reduced to a short list; the top 10 or 15 of which have a very broad "reach" into cellular pathways and may therefore be more important than many other known target proteins.
Our objective was to analyze a list of CRM target proteins to identify those whose modification by CRMs was most strongly linked to cytotoxicity or in other words to identify which targets among the many were potentially most important to causing cytotoxicity upon modification by CRMs. Directly interacting partner proteins were included in the analysis to represent the presumably important PPIs of the chemically modified target proteins. Sorting the 379 target and partner proteins into KEGG and GO gave the following results: 199 proteins sorted into 46 KEGG pathways; 345 proteins sorted into 466 GO Biological Process (BP) categories; 355 proteins sorted into 119 GO Molecular Function (MF) categories; and 343 proteins sorted into 85 GO Cellular Component categories. We did not analyze the cellular component category further because in many cases target proteins had been identified after subcellular fractionation. Instead, we performed a detailed analysis of those target and partner proteins that sorted into the KEGG, GO-BP, and GO-MF classification schemes. A key part of the analysis was to use partner proteins to highlight the CRM target proteins that invoked them in the first place (see Materials and Methods). Once the three main sortings were the analyzed and the results rank ordered, the results were pooled into a single list containing only target proteins rank ordered for likely relevance to acute cytotoxicity. The analyses are described in the following sections. AKT1  AKT1  AKT1  ABL2  CSNK2A1  AKT1  B2M  AKT1  GSTA1  ADH1C  CCL5  CHUK  ATF4  AKT1  CSNK2A2  CASP9  CALR  CASP3  GSTA2  AKR1C3  CD40  IKBKB  CASP3  ERBB2  JUN  MAP2K1  CANX  CASP7  GSTM1  GSTA1  CHUK  IKBKG  CHUK  JUN  MAP3K7  MAPK1  CD4  CASP9  GSTM2  GSTA2  CXCL10  JAK2  IKBKB  MAP2K1  MAPK8  PRKCA  HLA-A  CHUK  GSTP1  GSTM1  CXCL11  MAPK8  IKBKG  MAPK1  MMP7  PRKCB1  HLA-C  CYCS  IDH1  GSTM2  CXCL9  NFKB1  JUN  MAPK8  PPARD  PRKCG  HSP90AA1  IKBKB  6  GSTP1  IKBKB  PPARA  MAP2K1  PRKCA  PPP2R1A  RAF1  HSP90AB1  IKBKG  7  IKBKE  PTPN11  MAP3K14  PRKCB1  PPP2R1B  8  HSPA5  MAP3K14  IKBKG  SLC2A1  MAP3K3  PRKCG  PRKACA  HSPA8  NFKB1  JUN  SLC2A4  MAP3K5  RAF1  PRKCA  PDIA3  PRKACA  MAP2K1  STAT3  MAP3K7  11  PRKCB1  PSME3  TP53  MAP3K7  TRAF2  MAPK1  PRKCG  TAP1  TRAF2  MAPK1  13  MAPK8  TP53  TAPBP  13  MAPK8  MAPT  14  14  NFKB1  NFKB1  TBK1  PDGFRB  TLR1  PRKACA  TLR2  PRKCA  TLR4  PRKCB1  20  PRKCG  RAF1  RASA1  STMN1  TP53  TRAF2  26 Note. The gene names in boldface italics correspond to target proteins; all others correspond to partner proteins. The numbers at the bottom of each column are the count values for the column; the total for all 10 columns is 132. 
KEGG Pathway Analysis of Targets and Partners
After rank ordering the 46 KEGG pathway bins by their CI value (Supplementary table S3), 10 were selected for further detailed analysis. They included six intracellular signaling pathways, two pathways related to metabolism of xenobiotics, and one each related to antigen processing and presentation and apoptosis (Table 4 ). The sorting process also yielded lists of genes representing each of the proteins in each of the bins. As an example, the 132 genes associated with the 10 pathways in Table 4 are listed in Table 5 . Several of these genes appear in more than one pathway, but a more striking observation is that among the six intracellular signaling pathways, none of the genes correspond to actual CRM target proteins. A likely reason for this is that although the target proteins have definite cellular functions, they are not actually members of the signaling pathways, even though they may interact with one or more of the pathway members. The converse issue of why the signaling pathway members are not detected as CRM targets is almost certainly related to analytical sensitivity, and the fact that the cellular concentrations of these signaling proteins are typically very low compared with target proteins detectable by the usual proteomic methods (Koen et al., 2000) . In contrast, a majority of the genes in the pathways related to xenobiotic metabolism and antigen processing and presentation do correspond directly to target proteins ( Table 5 ). The absence of genes for CRM targets among the signaling pathway genes Table 5 A. Gene names of target proteins whose partners are listed in the KEGG pathways in Tables 4 and 5 B. Gene names of common denominator target proteins (redundancies removed from part A) DPP4  GSTM1  ATP5B  GSTP1  ATP5B  1  DPP4  GSTP1  CALR  HSP90AB1  CALR  1  DPP4  GSTP1  CALR  HSP90AB1  DPP4  DPP4  2  DPP4  HSP90AB1  CALR  HSP90AB1  GSTM1  1  GSTP1  HSP90AB1  CALR  HSP90AB1  GSTP1  GSTP1  GSTP1  3  HSP90AB1  HSP90AB1  DPP4  HSP90AB1  HSP90AB1  HSP90AB1  HSP90AB1  HSP90AB1  4  HSP90AB1  HSP90AB1  HSP90AB1  HSP90AB1  HSP90B1  1  HSP90AB1  HSP90AB1  HSPA5  HSPA5  HSPA5  HSPA5  HSPA5  3  HSP90AB1  HSP90AB1  HSPA5  HSPA8  HSPA8  HSPA8  HSPA8  HSPA8  4  HSP90AB1  HSP90AB1  HSPA5  HSPD1  HSPD1  HSPD1  HSPD1  3  HSP90AB1  HSPA5  HSPA8  HSPD1  PDIA3  1  HSP90B1  HSPA8  HSPA8  HSPD1  PEBP1  PEBP1  PEBP1  3  HSP90B1  HSPA8  PDIA3  PEBP1  PRDX2  1  HSP90B1  HSPA8  PDIA3  PEBP1  TPM1  TPM1  2  HSPA8  HSPD1  PDIA3  PEBP1  TTR  1  HSPD1  HSPD1  PDIA3  TXN  TXN  TXN  TXN  3  PEBP1  HSPD1  Total 17  Total 17  PEBP1  PEBP1  PEBP1  PEBP1  PEBP1  PEBP1  TPM1  PEBP1  TXN  PEBP1  Total 22  PEBP1  PEBP1  PEBP1  PEBP1  PRDX2  TPM1  TTR  TXN  TXN  Total 30 Note. The left-hand part of this table (A) shows the redundancy among targets in any given bin from Table 5 . This redundancy arises from the fact that one target protein may have many partners that sort into different KEGG pathway bins. The total number of target proteins listed at the bottom of each column is slightly larger than the number of partner proteins shown in Table 5 because several partners are invoked by more than one target. After collapsing this redundancy, the right-hand half of the table (B) shows that certain target proteins may be responsible for invoking partners in several different pathways. This redundancy is collapsed by counting the number of pathways in which a target protein may influence partners, even though the target protein may not formally belong to that pathway. In this way, it can be seen that 73 of the nearly 115 target proteins listed in Table 5 are invoked by just the seven proteins highlighted in boldface.
naturally raises an important question: with which CRM target proteins do these partner proteins interact, or stated another way, which CRM targets invoked these partners? This would be of considerable interest in view of the hypothesis that perturbing the PPIs of these targets could possibly impact intracellular signaling by their partners and thereby have important toxicological consequences.
To find the targets that invoked the partners comprising the signaling cascades in Table 5 , we returned to our original spreadsheet listing the interacting partners of each of the CRM target (Supplementary table S1 ) and re-sorted it by partner to reveal the target protein(s) associated with each of them (Supplementary table S2). When this was done for the individual KEGG pathways, the corresponding lists of target proteins were observed to display considerable redundancy between them (Table 6A) . We suggest that this redundancy gives an important clue to the potential "reach" that the covalent modification of a given target protein may have in terms of its potential to disrupt multiple PPIs and perhaps initiate toxicological outcomes for a cell. When this redundancy is compressed, simply by counting the number of times a given target either appears or is invoked by its partners (Table 6B) , it is found that just seven target proteins are responsible for invoking 73 of the proteins listed in Table 5 . These seven proteins are GSTP1, Hsp90AB1, HspA5, HspA8, HspD1, PEBP1 (also known as RKIP), and thioredoxin. This information will be combined with comparable information gleaned from similar analyses of the highest ranking GO categories as described below.
GO-BP Analysis of Targets and Partners
Because of the detailed and nested hierarchical structure of the GO classification system, the number of categories and subcategories is much larger than the number of KEGG pathways, but the approach to evaluating the sorting results is essentially the same. In the GO-BP category, 466 subcategory bins were flagged using low stringency criteria (Supplementary table S4 ). Ranking the bins by their CI and further culling for relevance to cytotoxicity reduced the number to 46 bins that we arranged into six groups (Table 7) . As with the KEGG analysis above, each of these subcategory bins contained a number of proteins represented by a listing of their gene names. The total number of genes across all 46 subcategories was 1,670, but there was a great deal of redundancy among them, due again to the nested hierarchical nature of the GO classification scheme. Three of the largest subgroups in Table 7 , namely groups 1, 2, and 6, were selected for further detailed analysis. Group 5 (kinases and signaling pathways), although large, was not analyzed further because of substantial redundancy with the KEGG analysis above. Group 3 (NO and inflammation) and group 4 (oxidative stress), while relevant for cytotoxicity, were not analyzed further because they were very small compared with the other groups.
In Table 7 , group 1 consists of 15 subcategory bins containing a total of 522 genes of target or partner proteins. For convenience in analysis, and in parallel with the KEGG analysis above, these 15 subcategories were recombined into four subgroups according to the similarity (redundancy) of the genes included (data not shown). In the first subgroup, the total number of nonredundant genes was 68, among which only seven correspond to known target proteins, whereas the remaining 61 genes represent partner proteins. Analysis of these partners revealed that just 16 target proteins invoked all 61 partner proteins. Furthermore, as in the KEGG analysis above, these 16 target proteins are not members of these GO subcategories, but rather they interact with some of the members and thus flag the categories through the interacting partners. Analysis of the other three group 1 subgroups produced similar patterns of results regarding numbers of target versus partner proteins and redundancies among them. Pooling all the results for group 1 of Table 5 showed that overall only nine target proteins emerged from all four subgroups while nine more emerged from at least three of the four subgroups. In a similar fashion, analysis of group 2 from Table 5 (five subcategories listing 129 genes) revealed that seven target proteins occurred three or more times, whereas eight proteins occurred two or more times. Likewise for group 6 of Table 5 (12 subcategories listing 650 genes), 13 target proteins emerged from all five subgroups, whereas four more emerged from at least four of the five subgroups. This information was eventually combined with comparable information from the KEGG analysis (above) and the GO-MF analysis as described below.
GO-MF Category Analysis of Targets and Partners
In a parallel fashion, sorting our set of target plus partner proteins into the GO-MF classification initially yielded 119 subcategories (Supplementary table S5 ), but this number was reduced to 18 (Table 8) by considering CI values and relevance to cytotoxicity. These 18 subcategories contained a total of 158 genes representing target and partner proteins, but the 158 genes corresponded to only 44 nonredundant proteins, among which only 5 were actual CRM target proteins, whereas 39 corresponded to partner proteins. Analysis of these partner protein genes as a single group yielded a list of just 16 targets that were responsible for invoking all 39 partner proteins among the 18 subcategories. Of the 21 target proteins identified by this search, all had already been identified as relevant and potentially important through the KEGG or GO-BP searches described above. Thus, although the GO-MF analysis revealed no new proteins of interest, it clearly reinforced the likely importance of those already identified using the KEGG and GO-BP approaches.
PPIs As TARGETs FOR CRMs
Examples of the modulation of PPIs by small changes at a single residue is a well-known phenomenon. For example, mutation of the single cysteine residue in murine Hsp25 to alanine interferes with its protective functions by preventing its dimerization (Diaz-Latoud et al., 2005) . Covalent modification of Cys49 in the cytosolic domain of microsomal GST-1 by electrophiles activates this protective enzyme and thereby "acts as an antenna for the detection of chemical or oxidative stress" (Busenlehner et al., 2004) . In nonstressed cells, the activity of JNK is kept low by its 1:1 complexation to GST-pi (which has four reactive sulfhydryl groups near its active site), but this suppression is relieved by oxidative stress, by the addition of GSH analogs that bind to GST-pi, and by ethacrynic acid (a Michael acceptor that S-alkylates GST-pi) (Townsend and Tew, 2003) . These and other examples suggest that covalent modification of proteins by CRMs could affect cellular homeostasis by modulating or interfering with PPIs.
Of course, not all CRM-induced changes in PPIs are necessarily deleterious. The Keap1-Nrf2-ARE pathway provides a clear example (Dinkova-Kostova et al., 2005; Goldring et al., 2004; Kwak et al., 2004; Nguyen et al., 2003) . This pathway regulates several protective mechanisms including the upregulation of conjugating and antioxidant enzymes, anti-inflammatory responses, the molecular chaperone/stressresponse system, and the ubiquitin/proteasome system. The protein Keap1 has 27 cysteine sulfhydryl groups, many of Note. The ranking is based on taking PPIs into account as described in the text and in Figure 1 . The overall rank is based on the sum of the KEGG, GO-BP, and GO-MF rankings (Tables 4, 7 and 8, respectively). The ranking by number of hits given in Table 2 is repeated here for comparison. a Hit rank scores are from Table 2. which are reactive toward electrophiles (Hong et al., 2005) . Modification of sulfhydryl groups on Keap1 causes the transcription factor Nrf2 to dissociate, allowing it to migrate to the nucleus and trigger the expression of genes favorable to cell defense that are under the control of the antioxidant response element (ARE, also called the electrophile response element). Although the CRM-induced changes in the activity of the Keap1-Nrf2-ARE pathway appear to be protective, alteration of other PPIs could, in principle, just as easily lead to detrimental effects on the cell.
suMMARy AnD COnClusIOns
The names and frequencies of occurrence of the target proteins emerging from the GO-MF, GO-BP, and KEGG analyses are compiled in Table 9 , and a diagram of the interactions of 12 "well-connected" targets with partners is given in Figure 2 . It should be noted that the individual frequencies of occurrence of the target proteins listed in Table 9 could have been made to appear higher, and the resulting rank ordering could perhaps have changed slightly if we had included even more subsets of GO and KEGG pathways in our analysis. However, the effect of "stacking the deck" like this would have been to increase redundancy among the bins and decrease stringency from a statistical and a biological relevance perspective. In our view, doing so would have added no further value or precision to the result, which is a small subset of CRM target proteins, winnowed from many, by an objective process that is also mindful of relevance to toxicity. This process explicitly took into account the hypothesis that disruption of PPIs (Fig. 2) by covalent binding contributes significantly to CRMinduced cytotoxicity. The implication is that target proteins near the top of Table 9 may therefore be more important than many other target proteins in generating biological responses to cytotoxic CRMs.
The relative rankings of proteins generated by the method described in this article (Table 9 ) are obviously considerably different from those given in Table 2 , which considered only the number of times a given protein is reported as a target in the literature. It must be noted that the literature on target proteins is actually rather limited, and the data correspondingly sparse, for a number of reasons. For example, low abundance proteins and proteins with low levels of adduction are likely not to be reported because they are missed (i.e., not detected) in autoradiograms of 2D gels or because they fail to be detected as identifiable peptides in digests of excised spots (Koen et al., 2007) . Another major reason that the literature on CRM targets is incomplete is the general lack of systematic searching for adducts of a given drug or chemical across multiple species, or tissues or cell lines. The vast majority of the 46 chemicals for which target proteins have been identified have been studied in only one species or one type of cell. Consequently, many of the proteins listed in the TPDB are reported only in a single study involving a single chemical and a single biological system. This can easily be seen by Table 9 . Only two target proteins interact with each other directly (PDIA3-CALR), whereas 14 partner proteins interact directly with two or more target proteins. using the "commonality matrix" and "rank by hits" functions built into the TPDB (2013).
The comprehensive bioinformatic analysis described in this report is an attempt to transcend deficiencies in the CRMtarget literature and differences in experimental design choices among the numerous published studies and to distill out a small number of proteins that may have the highest relevance to CRM-dependent cytotoxicity. The result is a rather different view of which target proteins might be most important for CRM-induced cytotoxicity compared with any previous analysis. For example, only 7 of the top 15 proteins from Table 2 are included among the top 15 proteins in Table 9 , and 1 of those 7, calreticulin, was ranked quite low in Table 2 . One possible reason that calreticulin is ranked relatively low in Table 2 is that being a relatively acidic protein (pI = 4.29) it is often missed in 2DGE analyses of target proteins. On the other hand, its relatively higher listing in Table 9 stems in part from the fact that it has at least 34 known partner proteins and many of them sort into KEGG pathways and GO categories that relate in a direct way to cytotoxicity. Thus, calreticulin can be considered to have a high potential "reach" into a number of biochemical pathways. Conversely, the two highest ranking proteins in Table 2 , protein disulfide isomerase A1 and A3, are ranked somewhat lower in Table 9 , probably because they have many fewer known partners that also happen to sort into KEGG pathways and GO categories of intrinsically lower relevance to acute cytotoxicity.
In conclusion, we suggest that taking partner proteins into account when examining collections of CRM target proteins is useful and may prove to be important in facilitating mechanistic understanding of reactive metabolite cytotoxicity. Our results also support the hypothesis that disruption of PPIs can be at least a major contributor if not a major mechanism of CRM-induced acute cytotoxicity. Additional experimental work will obviously be required to examine in detail the roles of individual proteins highlighted through this bioinformatic approach.
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